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Abstract
Objectives Visualinspectionisgenerallyusedtoassessbreast
density. Our study aim was to compare visual assessment of
breast density of experienced and inexperienced readers with
semi-automated analysis of breast density.
Methods Breast density was assessed by an experienced
and an inexperienced reader in 200 mammograms and
scored according to the quantitative BI-RADS classifica-
tion. Breast density was also assessed by dedicated software
using a semi-automated thresholding technique. Agreement
between breast density classification of both readers as well
as agreement between their assessment versus the semi-
automated analysis as reference standard was expressed as
the weighted kappa value.
Results Using the semi-automated analysis, agreement
between breast density measurements of both breasts in
both projections was excellent (ICC >0.9, P<0.0001).
Reproducibility of the semi-automated analysis was excellent
(ICC >0.8, P<0.0001). The experienced reader correctly
classified the BI-RADS breast density classification in
58.5% of the cases. Classification was overestimated in
35.5% of the cases and underestimated in 6.0% of the
cases. Results of the inexperienced reader were less
accurate. Agreement between the classification of both
readers versus the semi-automated analysis was considered
only moderate with weighted kappa values of 0.367
(experienced reader) and 0.232 (inexperienced reader).
Conclusion Visual assessment of breast density on mam-
mograms is inaccurate and observer-dependent.
Keywords Breast cancer.Breast neoplasms.Breast
density.Mammography.Threshold method
Introduction
Breast density on a conventional mammogram is mainly
composed of two components: fatty and fibroglandular
tissue. Fat has a lower X-ray attenuation coefficient than
fibroglandular tissue, which is composed of connective
tissue and epithelial cells. Therefore, on a conventional
mammogram, fat appears dark, whereas fibroglandular
tissue appears white [1].
In 1976, Wolfe was one of the first to demonstrate an
association between breast density and the risk of develop-
ing breast cancer [2]. This association was confirmed by
McCormack et al. In a large meta-analysis including 42
studies, they showed that the risk of developing breast
cancer is increased in dense breasts. The magnitude of this
risk can be as high as 4.6-fold for the most dense breasts
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et al. found similar results, showing that women with
fibroglandular tissue in more than 75% of the mammogram
had an increased risk of developing breast cancer when
compared with women with less than 10% breast density in
the mammogram (odds ratio 4.7) [4]. In addition to this
association, several studies have shown that the sensitivity
of the mammogram for detecting breast cancer is decreased
in dense breasts [5, 6]. For example, Carney et al.
demonstrated in a study of 463,372 screening mammo-
grams that the sensitivity and specificity for fatty breast
mammography were 88 and 97% respectively. However,
these numbers decreased in extremely dense breasts
(sensitivity 62%, specificity 90%) [5].
Several qualitative methods to assess breast density have
been proposed in the past years, for example the Wolfe and
Tabar classifications [2, 7]. In 2003, the Breast Imaging
Reporting and Data System (BI-RADS) quantitative classi-
fication was introduced [8]. Of these different breast density
classification systems, the BI-RADS classification is widely
used in clinical radiology practice. BI-RADS guidelines
recommend an assessment of breast composition to be
included in the analysis of the mammogram [8]. According
to the quantitative BI-RADS breast density classification,
breast density on mammogram can be divided into four
categories: (1) almost entirely fat (≤24%), (2) scattered
fibroglandular densities (25–49%), (3) heterogeneously
dense (50–74%), and (4) extremely dense (≥75%).
In the past, (semi)automated systems to assess breast
density have been proposed [1]. Nonetheless, they have not
yet attained a strong hold in screening or clinical settings,
mainly because these systems are time and labour intensive
and require dedicated software programs and operator
training [9]. In screening and clinical settings, radiologists
therefore generally assess breast density in a visual manner
(‘eyeballing’) as part of the total evaluation of the
mammogram. In this study, we aimed to evaluate the
accuracy of visual assessment of breast density (on standard
digital mammograms) for both experienced and inexperi-
enced readers as compared to the semi-automated assess-
ment of breast density using a dedicated software program.
Materials and methods
Study inclusion
Consecutive digital mammograms of 200 women (mean
age 51.6 years, range 23.9–91.2 years) were included. For
this study, ethics approval and informed consent for the use
of the (coded) images was waived according to Dutch law.
All images were acquired on a dedicated mammography
system (Senographe Essential, GE Healthcare, Waukesha,
WI, USA). The standard craniocaudal (CC) and mediolateral
oblique (MLO) imaging projections were used. Both breasts
had to be imaged for comparison purposes in the final
analysis. Therefore, patients with (unilateral) mastectomy
were excluded. Additionally excluded were mammograms
of breasts that had undergone surgery of any kind, for
instance lumpectomy because of breast cancer or benign
breast diseases or breast reduction.
In the Netherlands, research covered by the Medical
Research Involving Human Subjects Act must be submitted
to an accredited medical ethics committee for approval.
However, the Act does not cover retrospective research
using (coded) data from patient’s medical record or patient
images. Therefore, our medical ethics committee concluded
that the research proposal of the current study does not,
under Dutch law, require medical ethics approval because
there is no extra burden placed on research subjects for this
study (decision number: METC 11-4-049).
Breast density was visually assessed on our dedicated
mammographic workstations by an experienced mammor-
adiologist (C.B., 18 years experience) and by an (inexpe-
rienced) senior resident in radiology (C.F., 2 years of
experience). Breast densities had to be scored in one of the
four quantitative BI-RADS categories. Both readers did not
receive any specific training in assessing breast density and
were blinded to each other’s results, as well as to the results
of the semi-automated analysis. In addition, both readers
had never interacted with the software programme before.
Breast density was analysed by using a so-called
operator-dependent thresholding technique (Leica Qwin
version 3, Leica Microsystems, Cambridge, UK). This
approach is an extensively evaluated method for assessing
breast density on standard mammograms [10–12]. More
importantly, the association between increased risk for
breast cancer in dense breasts has been demonstrated using
the thresholding approach [4].
In short, this technique translates the brightness of each
pixel in a digitised mammographic image into a grey-level
value. An operator selects a pixel of fibroglandular tissue.
The grey-level value of this pixel is obtained, and
appropriate threshold grey-level values are selected by the
same operator to create an overlay representing the
fibroglandular tissue within the breast. Next, the total
breast area is automatically identified, since regions outside
of the breast tissue area are completely black, i.e. they have
a grey-level pixel value of 0. In the mediolateral oblique
projections of the breast, the pectoral muscle is excluded in
an additional, operator-dependent segmentation. The num-
ber of pixels is calculated for both the colour overlay of the
fibroglandular tissue and the total area of the breast. Breast
density is presented as the area percentage of the fibro-
glandular tissue within the breast and is calculated by
dividing the number of pixels in the colour overlay by the
92 Insights Imaging (2012) 3:91–99number of pixels in the total breast area and multiplying by
100 (Fig. 1). The thresholding approach in general was
described more in detail by Yaffe [1]. The semi-automated
analysis was performed by a experienced operator and
radiologist (M.B.I.L., 5 years of experience using the
thresholding approach and this software program), who
was blinded to the results of both mammography readers.
Intra-observer reproducibility was assessed by re-analysing a
subgroupofrandomly selectedmammograms(n=50)withan
appropriate interval between these analyses of >6 months.
For this purpose, patients received a different coding. To
determine inter-observer reproducibility, the same sample of
mammograms was evaluated by an inexperienced operator,
M.J.L. (no experience in using the thresholding technique
Fig. 1 Semi-automated
detection of mammographic
breast density. a Standard
craniocaudal mammogram of
the left breast. b Detection
of fibroglandular tissue. c
Detection of total breast tissue.
d Graphic overlay of (b) and (c).
In this particular example, the
mammographic breast density
was 22% (BI-RADS density
category 1)
Insights Imaging (2012) 3:91–99 93and the software programme, and receiving only 1 h of
operator training by M.B.I.L.). The latter was blinded to the
results of both mammography readers and the semi-
automated analysis performed.
Statistical analysis
Statistical analyses were performed by using SPSS 17.0
(SPSS, Chicago, IL, USA) and the SAS statistical package
(SAS Institute, Cary, NC, USA). The correlation between
breast densities of both breasts (as determined by the semi-
automated analysis) and of both CC and MLO projections
was assessed by calculating the intra-class correlation
coefficient (ICC). For the final analysis, the CC projection
was used, since it avoids the need for additional segmenta-
tion to exclude the pectoral muscle in the MLO projection,
which might create bias within the measurements. Mean
values of the breast density in the CC projections were
assessed and translated into one of the four corresponding
quantitative BI-RADS categories. The inter- and intra-
observer reproducibility of the semi-automated analyses
was also calculated by using the ICC. Bland-Altman plots
were used to show the agreement between the various
semi-automated analyses.
Furthermore, the agreement of the quantitative BI-RADS
categorisation between the experienced and inexperienced
reader was compared and expressed as the weighted kappa
value. Finally, the accuracy of this quantitative BI-RADS
categorisation between the readers was evaluated (with the
semi-automated analysis as reference standard) and again
expressed as weighted kappa value. P-values ≤0.05 were
considered statistically significant.
Results
Using the semi-automated analysis, the ICC of the left-
sided breast density in both CC and MLO projection was
excellent: 0.91 [95% confidence interval (CI) 0.88–0.93].
Similar excellent results were acquired for the right breast
in both projections: ICC 0.91 (95% CI 0.88–0.93). The
breast densities of the left and right breast were comparable
(ICC 0.92, 95% CI 0.89–0.94) in the CC projection. For the
MLO projection, the ICC for the breast densities of the left
and right breast was excellent (0.91, 95% CI 0.89–0.93).
All these results were highly significant (all P<0.0001) and
comparable with results previously published [3]. Bland-
Altman plots of all these analyses showed very good
agreement (Fig. 2). Although there is a slightly larger
disagreement for more dense breasts, the observed
differences are still acceptable.
Reproducibility of the semi-automated analysis in a
subset of mammograms (n=50) proved to be good as well.
The ICC of both CC and MLO projections of the left and
right breast were all highly significant (P<0.0001) with
values ranging from 0.82 to 0.88. Even more interesting is
the inter-observer comparison of the semi-automated
analysis. In these analyses, the ICC of both CC and MLO
projections of the left and right breast were also highly
significant (P<0.0001) with values ranging from 0.80 to
0.88. Although the observed differences in breast densities
were slightly higher than in the initial semi-automated
analyses, Bland-Altman plots still showed good agreement
of all these analyses with acceptable differences in breast
density measurements (Figs. 3 and 4).
Table 1 shows the inter-observer agreement of the
quantitative BI-RADS classification of both mammographic
readers. There was a disagreement between the quantitative
BI-RADS categorisations of the experienced and inexpe-
rienced reader. In 83 of the 200 cases (42%), a different
BI-RADS density category was assigned to the mammo-
grams. The agreement of the experienced and inexperi-
enced reader was therefore only moderate with a kappa
value of 0.52 (Table 1).
When compared with the results of the semi-automated
analyses, the experienced reader agreed with the quantita-
tive BI-RADS category in 58.5% of the cases. The
classification was overestimated in 35.5% of the cases and
underestimated in 6.0% of the cases. In comparison, the
inexperienced reader agreed less (42.0%) and generally
overestimated the quantitative BI-RADS classification
more than the experienced reader (56.0%). Agreement
between the classification of both readers versus the semi-
automated analysis was poor to moderate with weighted
kappa values of 0.367 (experienced reader) and 0.232
(inexperienced reader, Table 2).
Discussion
In this study, reliability of visual assessment of breast
density for both experienced and inexperienced readers was
evaluated, as compared to the semi-automated assessment
of breast density using a dedicated software program. Our
results showed that there was disagreement between the
quantitative BI-RADS categorisation of the experienced
and inexperienced readers. When compared to the semi-
automated analysis, the experienced reader agreed with the
quantitative BI-RADS classification in 58.5% of the cases.
The classification was overestimated in 35.5% of the cases,
and underestimated in 6.0% of the cases. Results of the
inexperienced reader were less accurate. Furthermore, the
semi-automated assessment of breast density showed good
intra- and interobserver reproducibility.
Breast density is an important risk factor for breast
cancer development, independent of other breast cancer risk
94 Insights Imaging (2012) 3:91–99factors [3]. Also, breast cancer is more difficult to detect in
mammographically dense breasts [5, 6]. In our institution,
mammograms are evaluated by radiologists and/or (super-
vised) residents, using the BI-RADS classification for breast
density. However, our study results showed disagreement
between radiologist (experienced reader) and resident
(inexperienced reader) and that breast density is frequently
overrated (even by a highly experienced reader). These
findings are in line with previously published results [13]. In
the majority of cases, the overestimation was only one BI-
RADS category (data not shown). Although this may seem
a negligible overestimation, a speculative (but nonetheless
plausible) assumption is that overrating breast density
might lead to more imaging [e.g. additional mammographic
projections, ultrasound, or contrast-enhanced magnetic
resonance (MR) mammography], more costs, and more
patient anxiety.
Due to the improvements in MR mammography, it is
worth considering which patients are at increased risk of
developingbreastcancer(i.e.patientswithmammographically
dense breasts) and who might benefit from a shorter screening
interval or additional MR mammography [14]. Despite the
fact that this information is enclosed within the images, it is
not used in current clinical settings or screening to identify
high-risk patients, since the (visual) BI-RADS density
classification is not suitable for the expression of breast
cancer risk. Based on our current observations (which show a
substantial disagreement between the visual and semi-
automated assessment of breast density), we would prefer a
(workstation) integrated (semi-)automated analysis of breast
density to identify patients at high risk for developing breast
cancer or in whom breast cancer is likely to be missed.
For this purpose, several (semi-)automated systems to
assess breast density have been proposed in the past [1]. Of
these, the so-called thresholding approach using (commer-
cially available) software packages has been extensively
studied in the past and is therefore frequently used in
quantitative assessment of breast density [12]. Using this
thresholding technique, Boyd et al. showed that women
with mammographic breast density ≥75% had an increased
ICC 0.91 ICC 0.91
ICC 0.92 ICC 0.91
Fig. 2 Bland-Altman plots for the semi-automated analyses of breast
densities of both breasts in two projections. The plots show very good
agreement for all analyses performed. Intra-class correlation
coefficients (ICC) of the measurements were highly significant
(all P<0.0001). Solid lines represent the mean of the differences
between the two analyses, dotted lines represent the boundaries of
two times the standard deviation of the difference
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with breast density less than 10% (odds ratio 4.7, 95%
confidence interval 3.0–7.4) [4]. We also used a thresh-
olding approach using the Leica Qwin software package
and showed similar results in breast densities of both
breasts and in both projections [3]. In addition, our software
demonstrated a good intra-observer agreement (Fig. 3). A
major advantage of our semi-automated analysis is that
even analysts with hardly any experience using our
software can achieve good reproducibility (Fig. 4).
Although the thresholding approach is promising, it has
several disadvantages. The assessment of the mammo-
graphic breast density using this technique is time and
labour intensive. For example, our time for the assessment
of breast density in a single patient study was estimated to
be 5–8 min. Recently, Stone et al. demonstrated that
assessing breast density of one breast in one projection is
sufficient [15]. This suggestion is supported by the findings
of our current study and enables the inclusion of women
that have undergone unilateral breast surgery of any kind.
Furthermore, the thresholding approach requires proper
operator-training to use the software, although our current
results (based on our software program) suggest otherwise.
In screening or clinical settings, this software needs to be
integrated in the mammographic work stations. Because of
these disadvantages, mammographic breast density is
usually assessed visually, especially in screening/clinical
settings and large studies in which a great number of
mammograms need to be evaluated [16].
Previously, Martin et al. performed a similar study using
a fully automated software package [17]. In this study
mammograms of 65 women were analysed by seven
radiologists. However, on close inspection, five of the
radiologists had already interacted with the software
programme, leaving two radiologists (albeit experienced
in mammography reading) untrained for the breast density
analysis. The breast density was overestimated by these two
radiologists in 37% of the cases, as compared to 36%
overestimation by the experienced radiologist in our study.
So although it might be difficult to generalise our study
results based on the results of two readers, they are in line
with previously published results. In addition, there were
ICC 0.86 ICC 0.83
ICC 0.88 ICC 0.82
Fig. 3 Intra-observer agreement of the semi-automated analyses.
Bland-Altman plots show good agreement for all analyses performed.
Intra-class correlation coefficients (ICC) were highly significant
(all P<0.0001). Solid lines represent the mean of the differences
between the two analyses, dotted lines represent the boundaries of
two times the standard deviation of the differences
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us and Martin et al. In the study of Martin et al., 6% of the
images could not be analysed due to technical difficulties
versus no technical difficulties in our study. Furthermore,
the 95% limits of agreement between the trained radiologists
and the automated analyses of the study of Martin et al.
were rather large: −16% to +27%. Visual inspection of
the Bland-Altman plots of our study show that our limits
of agreement were much smaller (Fig. 2).
Our study included relatively small numbers of dense
breasts, i.e. quantitative BI-RADS categories 3 and 4. The
study of Martin et al. described similar results and included
15 additional women with dense breasts in their study after
their initial inclusion of 50 women. Previously published
ICC 0.88 ICC 0.86
ICC 0.81 ICC 0.80
Fig. 4 Inter-observer agreement of the semi-automated analyses.
Bland-Altman plots show good agreement for all analyses performed.
Intra-class correlation coefficients (ICC) of the measurements were
highly significant (all P<0.0001). Solid lines represent the mean of the
differences between the two analyses, dotted lines represent the
boundaries of two times the standard deviation of the differences
Table 1 Inter-reader agreement of breast density according to BI-RADS classifications. Results of the experienced reader are presented in the
columns, results of the inexperienced reader are presented in the rows
Experienced reader
BI-RADS 1 BI-RADS 2 BI-RADS 3 BI-RADS 4 Total
Inexperienced reader BI-RADS 1 66 (33.0%) 2 (1.0%) 2 (1.0%) 0 (0.0%) 70 (35.0%)
BI-RADS 2 19 (9.5%) 36 (18.0%) 1 (0.5%) 0 (0.0%) 56 (28.0%)
BI-RADS 3 5 (2.5%) 38 (19.0%) 10 (5.0%) 0 (0.0%) 53 (26.5%)
BI-RADS 4 1 (0.5%) 3 (1.5%) 14 (7.0%) 3 (1.5%) 21 (10.5%)
Total 91 (45.5%) 79 (39.5%) 27 (13.5%) 3 (1.5%) 200 (100.0%)
The overall weighted kappa was 0.521, a moderate value (95% confidence interval 0.446–0.597)
Insights Imaging (2012) 3:91–99 97larger studies show slightly higher numbers of dense
breasts in their populations, presumably owing to the
larger size of the populations used when compared to our
study population [18]. For our study, we opted not to
include additional women with dense breasts to prevent
inclusion bias.
Our study has several limitations. First, a true golden
standard for the assessment of breast density is lacking.
There is no accurate way to determine breast density other
than histopathologic analysis of mastectomy specimens. It
is obvious that these specimens are not available for this
study, and previously published studies assessing breast
density with various computerised methods also lack this
(true) golden standard. As we have shown in this study, our
software programme acquired similar results to other, more
validated programmes. This is why we have chosen to use
our software programme as the reference standard (not
golden standard) to which we compared the visual
assessment of breast density.
A second limitation of our study is that the association
between mammographically dense breasts and risk of
developing breast cancer has not yet been demonstrated
with our software programme. Due to the comparability of
acquired results with more validated software programs, we
expect that breast density (as assessed by our software
program) is also associated with increased breast cancer
risk. However, larger studies using our software programme
are in progress to prove this hypothesis.
Finally, our analysis remains a semi-automated (and not
fully automated) technique, requiring input from an
operator and is therefore at risk of introducing observer-
dependent bias. Recently, a commercially available soft-
ware tool (Quantra, Hologic, Bedford, MA, USA) to
automatically assess breast density was compared to the
Cumulus software program. This study showed a strong
density correlation between both breasts and for both
methods, suggesting that fully automated assessment of
breast density could also aid in breast cancer risk estimation
[19]. This was confirmed in another study by Pinker et al.,
demonstrating that breast density, as assessed with this
automated analysis, was strongly associated with breast
cancer risk in women younger than 50 years, but not older
than 50 years [20]. In line with these developments, another
fully automated software program was launched earlier this
year: Volpara (Matakina International, Wellington, New
Zealand). However, the major drawback of these recently
available programs is their limited availability on only GE
or Hologic digital mammography systems.
Insummary,ourresultsshowedthatthereisadisagreement
inquantitativeBI-RADSbreastdensity classification between
experienced and inexperienced readers and the semi-
automated software analysis. In order to accurately assess
breast density in a reproducible and observer-independent
manner, we would recommend the use of an integrated
software tool, which can be applied in both screening and
clinical settings. This semi-automated analysis of breast
density might aid in identifying patients at high risk for
developingbreastcancerand/orpatientswho can benefit from
additional MR mammography because of an unreliable
mammogram. Currently, the thresholding approach to assess
breast density on standard mammograms is preferable, for
instance as assessed by the dedicated software program used
in this study or any other commercially available software
package. In order to rapidly assess breast density and to
includepatientswho haveundergonemastectomy,assessment
of a single breast in one projection (preferably the CC
projection) is sufficient [15]. This proposal is also supported
by our current findings. In turn, future studies could
investigate whether patients with mammographically dense
breasts (i.e. those at high risk of developing breast cancer)
can benefit from this accurate breast density assessment, for
instance by shortening the screening interval or by
performing additional (MR) imaging.
Conclusion
The results of our study showed that visual assessment of
breast density on mammograms is inaccurate and observer-
dependent. Semi-automated analysis of breast density
Table 2 Classification of the
results of the experienced and
inexperienced readers and
the software analysis. The
agreement of the respective
readers’ results and the
semi-automated software is
presented as the weighted
kappa value
Experienced reader Inexperienced reader Software analysis
Total patients classified 200 (100.0%) 200 (100.0%) 200 (100.0%)
BI-RADS 1 classification (%) 91 (45.5%) 70 (35.0%) 127 (63.5%)
BI-RADS 2 classification (%) 79 (39.5%) 56 (28.0%) 68 (34.0%)
BI-RADS 3 classification (%) 27 (13.5%) 53 (26.5%) 5 (2.5%)
BI-RADS 4 classification (%) 3 (1.5%) 21 (10.5%) 0 (0.0%)
Correct classification (%) 117 (58.5%) 84 (42.0%)
Classification overestimated (%) 71 (35.5%) 112 (56.0%)
Classification underestimated (%) 12 (6.0%) 4 (2.0%)
Weighted kappa 0.367 0.232
98 Insights Imaging (2012) 3:91–99reduces inter-observer variation of breast density classifi-
cation on mammograms.
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